The study presents the preliminary results of two classification exercises assessing the capabilities of pre-operational (August 2015) Sentinel-2 (S2) data for mapping crop types and tree species. In the first case study, an S2 image was used to map six summer crop species in Lower Austria as well as winter crops/bare soil. Crop type maps are needed to account for crop-specific water use and for agricultural statistics. Crop type information is also useful to parametrize crop growth models for yield estimation, as well as for the retrieval of vegetation biophysical variables using radiative transfer models. The second case study aimed to map seven different deciduous and coniferous tree species in Germany. Detailed information about tree species distribution is important for forest management and to assess potential impacts of climate change. In our S2 data assessment, crop and tree species maps were produced at 10 m spatial resolution by combining the ten S2 spectral channels with 10 and 20 m pixel size. A supervised Random Forest classifier (RF) was deployed and trained with appropriate ground truth. In both case studies, S2 data confirmed its expected capabilities to produce reliable land cover maps. Cross-validated overall accuracies ranged between 65% (tree species) and 76% (crop types). The study confirmed the high value of the red-edge and shortwave infrared (SWIR) bands for vegetation mapping. Also, the blue band was important in both study sites. The S2-bands in the near infrared were amongst the least important channels. The object based image analysis (OBIA) and the classical pixel-based classification achieved comparable results, mainly for the cropland. As only single date acquisitions were available for this study, the full potential of S2 data could not be assessed. In the future, the two twin S2 satellites will offer global coverage every five days and therefore permit to concurrently exploit unprecedented spectral and temporal information with high spatial resolution.
Introduction
The Sentinel-2A satellite was successfully launched on 23 June 2015, as part of the European Copernicus program and the first scenes were delivered a few days later [1] . Sentinel-2 (S2) carries an innovative wide-swath, high-resolution, multispectral imager (MSI) with 13 spectral bands; this is going to offer unprecedented perspectives on our land and vegetation [2, 3] . The combination of high resolution (up to 10 m), novel spectral capabilities (e.g., three bands in the red-edge plus two bands in the SWIR), wide coverage (swath width of 290 km) and minimum five-day global revisit time (with twin satellites in orbit) is expected to provide extremely useful information for a wide range of land (and coastal) applications [4] .
In preparation for this new satellite mission, the scientific community has been working to provide feedback to system developers to define the best algorithms and data exploitation strategies. This activity resulted in several experiments based on simulated S2 datasets [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] . These studies reported a high potential of S2 in various fields of application. This potential in Earth Observation (EO), however, needs to be confirmed by real data.
Actual S2 data are now available and ready for exploitation for scientific and commercial purposes. With the present study, a first assessment of the S2 land cover mapping capabilities is undertaken by using pre-operational (August 2015) S2 images acquired over two test sites located in Central Europe. The preliminary assessment focuses on crop type and tree species mapping. Both are important for remote sensing applications.
Crop type maps produced before the end of the season, for example, are requested by policyand decision-makers for management, statistics and economic purposes, as well as by Earth system scientists as input in crop models. Inglada et al. [16] recently revised the state-of-the-art in crop mapping using simulated S2 data. The study indicates that crop type maps, detailed enough to monitor individual parcels, are not globally available and that the data stream from S2 will offer a high potential to fill the gap between the availability of timely and accurate crop type maps and the user's needs. The study also performed a benchmarking of different classification algorithms highlighting the adequacy of the Random Forest (RF) classifier for land cover mapping. Scientific efforts are ongoing to integrate these algorithms in operative tools to use with S2 data, for instance within the S2 for Agriculture project funded by the European Space Agency (ESA), or the CropMon project funded by the Austrian Space Application Programme (ASAP). Within this context, our study contributes to the current state-of-the-art by reporting for the first time the application of the RF classifier to map crop types using actual S2 data.
Similarly, the classification approach was applied to a forest test site using one of the first available cloud-free S2 acquisition of Central Europe. Mapping tree species provides detailed description of forest ecosystems. This is necessary for ecological issues and sustainable forest management. Therefore, a large variety of sensors with a wide range of spatial and spectral resolution have been used in the past [17] [18] [19] . Besides providing descriptions of the actual forest composition, high repetition rates of satellite sensors facilitate the detection of changes caused by human as well as abiotic and biotic disturbances [20, 21] . Both the actual mixture of species and the detection of changes and disturbances are information of increasing importance due to changing climate conditions [22] .
The main objective of the study was to assess the suitability of S2 data for typical land cover classifications in agriculture and forestry using a supervised Random Forest (RF) classifier. As part of the case studies, we were also interested to see: i) how well object-based classifiers compare against a pixel-based approaches, and ii) which S2 spectral bands contribute most to the classification accuracy.
As the satellite has not yet reached its full operational mode/capacity, we were not yet able to exploit the temporal information. The study is preliminary as the analyzed images were only pre-operational. Some images still show some artifacts as demonstrated in Appendix A ( Figures A1-3 ). All images analyzed in this study were released by ESA for first assessments and feedback.
Materials and Methods

Overview
To assess the potential of Sentinel-2 (S2) data for crop type and tree species mapping, we performed supervised classifications using the Random Forest (RF) classifier. Only pre-operational, single-date S2 images were used. The images were acquired in August 2015.
The workflow applied in this study is shown in Figure 1 and involved pixel-and object-based classifications for each case study (cropland and forest). The data preparation involved the resampling of the S2 bands acquired at 20 m to obtain a layer stack of 10 spectral bands at 10 m. An automatic Large Scale Mean Shift (LSMS) image segmentation was applied to the four S2 bands at 10 m pixel size (e.g., bands 2, 3, 4 and 8). The resulting objects were labeled using the reference data and exploited for training and validation. For the object-based classification, we used various band-specific metrics (Mean, Standard deviation, Min, Median, Max, 25th and 75th Percentile) extracted from the image objects. This led to 70 features for classification (10 bands x 7 metrics). For the pixel-based classification, we used the reflectance in the ten spectral bands for each pixel.
Reference data for the supervised classification were acquired in two ways:
• during a field survey for the cropland test site, and • from inventory data and visual interpretation of high spatial resolution images for the forest test site.
To cope with the limited number of reference samples, a 10-fold cross-validation approach [23] was chosen. Open Street Map (OSM) layers and CORINE Land Cover 2000 (CLC) [24] were used to mask out non-agricultural land for the crop study. The German ATKIS [25] dataset was used to mask out non-forest land for the forest study.
Sentinel-2 Data Sets
S2 carries an innovative wide-swath, high-resolution, multispectral imager (MSI) with 13 spectral bands with 10 to 60 m spatial resolution [3] (Figure 2 ). The first S2 image was acquired and processed on 27 June, only four days after launch [3, 26] . For the present study, cloud-free Level 1C S2 images (ToA reflectance) acquired on 13 August (forest) and 30 August, 2015 (cropland), were used. The data preparation involved the resampling of the S2 bands acquired at 20 m to obtain a layer stack of 10 spectral bands at 10 m. An automatic Large Scale Mean Shift (LSMS) image segmentation was applied to the four S2 bands at 10 m pixel size (e.g., bands 2, 3, 4 and 8). The resulting objects were labeled using the reference data and exploited for training and validation. For the object-based classification, we used various band-specific metrics (Mean, Standard deviation, Min, Median, Max, 25th and 75th Percentile) extracted from the image objects. This led to 70 features for classification (10 bandsˆ7 metrics). For the pixel-based classification, we used the reflectance in the ten spectral bands for each pixel.
‚ during a field survey for the cropland test site, and ‚ from inventory data and visual interpretation of high spatial resolution images for the forest test site.
S2 carries an innovative wide-swath, high-resolution, multispectral imager (MSI) with 13 spectral bands with 10 to 60 m spatial resolution [3] (Figure 2 ). The first S2 image was acquired and processed on 27 June, only four days after launch [3, 26] . For the present study, cloud-free Level 1C S2 images (ToA reflectance) acquired on 13 August (forest) and 30 August, 2015 (cropland), were used. The location of the test sites is shown in Figure 3 , and detailed views in CIR composition of the S2 tile 33UXP for the crop classification and S2 tile 33 UXP for the tree species classification can be found in the following chapters. The location of the test sites is shown in Figure 3 , and detailed views in CIR composition of the S2 tile 33UXP for the crop classification and S2 tile 33 UXP for the tree species classification can be found in the following chapters. The location of the test sites is shown in Figure 3 , and detailed views in CIR composition of the S2 tile 33UXP for the crop classification and S2 tile 33 UXP for the tree species classification can be found in the following chapters. The data was downloaded on 15 September, 2015. No radiometric or geometric pre-processing was applied. The S2 images were visually checked against existing raster data (SPOT-5, DEIMOS-1, Landsat-8, WorldView-2, and orthophotos) and showed a very good agreement, both in spatial and spectral terms. We visually compared the S2 images to orthophotos with 20 cm resolution and found a very good geometric accuracy. The generally high data quality of the analyzed images was further confirmed by the three atmospheric bands (Appendix A). It has to be noted, however, that some cirrus clouds, condensation trails and artifacts are visible in the cropland scene ( Figure A1e ).
Test Site 1: Marchfeld Cropland
The cropland site Marchfeld is located in the~1000 km 2 Marchfeld region in Lower Austria (Lat. 48.20˝N, Long. 16.72˝E). In this area, cropland occupies about 60,000 ha, of which 21,000 ha are regularly irrigated. The location of the test site is shown in Figure 3 -the corresponding S2 image is shown in Figure 4 . Additional false color composites and images produced by Principal Component Analysis (PCA) can be found in Figure A1 . The data was downloaded on 15 September, 2015. No radiometric or geometric pre-processing was applied. The S2 images were visually checked against existing raster data (SPOT-5, DEIMOS-1, Landsat-8, WorldView-2, and orthophotos) and showed a very good agreement, both in spatial and spectral terms. We visually compared the S2 images to orthophotos with 20 cm resolution and found a very good geometric accuracy. The generally high data quality of the analyzed images was further confirmed by the three atmospheric bands (Appendix A). It has to be noted, however, that some cirrus clouds, condensation trails and artifacts are visible in the cropland scene (Appendix A Figure  A1e ).
The cropland site Marchfeld is located in the ~1000 km 2 Marchfeld region in Lower Austria (Lat. 48.20°N, Long. 16.72°E). In this area, cropland occupies about 60,000 ha, of which 21,000 ha are regularly irrigated. The location of the test site is shown in Figure 3 -the corresponding S2 image is shown in Figure 4 . Additional false color composites and images produced by Principal Component Analysis (PCA) can be found in Appendix A ( Figure A1 ). The Marchfeld region is characterized by a semi-arid climate with an average annual precipitation of 500-550 mm, and 200-440 mm between April-September. Annual precipitation can drop to 300 mm, making it the driest region of Austria. For example, in 2015, Statistik Austria estimated a loss of about one-fifth of the harvested vegetables (especially onions and carrots) compared to the previous year due to the long period of heat and drought.
The soil conditions in Marchfeld are characterized by a high spatial variability, including soils with low to moderate water-storage capacity [27] [28] [29] . The main crops cultivated during summer months are vegetables (11% of the crop area), sugar beet (10%) and potatoes (7%). Winter cereals are cultivated on about two-thirds of the crop area [30] . The Marchfeld region is characterized by a semi-arid climate with an average annual precipitation of 500-550 mm, and 200-440 mm between April-September. Annual precipitation can drop to 300 mm, making it the driest region of Austria. For example, in 2015, Statistik Austria estimated a loss of about one-fifth of the harvested vegetables (especially onions and carrots) compared to the previous year due to the long period of heat and drought.
The soil conditions in Marchfeld are characterized by a high spatial variability, including soils with low to moderate water-storage capacity [27] [28] [29] . The main crops cultivated during summer months are vegetables (11% of the crop area), sugar beet (10%) and potatoes (7%). Winter cereals are cultivated on about two-thirds of the crop area [30] .
For the collection of the reference data, a field survey was carried out during the second half of August 2015. Crops were visually identified in the field. Coordinates were recorded using a GPS device. Agricultural fields with no crops were assigned to the class winter crops (harvested in June) by inspecting the crop residuals in field. A summary of the reference data is presented in Table 1 . The different numbers of reference polygons reflect the prevailing cropping conditions in the study area. Average spectral signatures for the seven crop classes are shown in Figure 5 . For the collection of the reference data, a field survey was carried out during the second half of August 2015. Crops were visually identified in the field. Coordinates were recorded using a GPS device. Agricultural fields with no crops were assigned to the class winter crops (harvested in June) by inspecting the crop residuals in field. A summary of the reference data is presented in Table 1 . The different numbers of reference polygons reflect the prevailing cropping conditions in the study area. Average spectral signatures for the seven crop classes are shown in Figure 5 . 
Test Site 2: Ebersberg and Altoetting Forests
The two forest sites Ebersberg and Altoetting are located east of Munich in Bavaria, Germany ( Figure 3 ). The forests are mainly managed by the Bavarian State forest agency (BaySF). The mean annual temperature is around 7.6 °C; the average annual precipitation is 850-950 mm with around 500 mm between April-September. The soil conditions are mainly mesic-moist [31] .
The natural forest vegetation of the region is a beech-dominated forest with different amount of spruce and fir. Forests are dominated today by Norway spruce (Picea abies, (L) Karst.). With amounts of around 10%, European beech (Fagus sylvatica, L.) and Scots pine (Pinus sylvestris, L.) play also an important role, followed by oak-species (Oak sp.) with coverage of around 5%. Further, (minor) tree species are Silver fir (Abies alba, Mill.), European larch (Larix decidua, Mill.), Douglas fir (Pseudotsuga menziesii, (Mirb.) Franco), European hornbeam (Carpinus betulus, L.), maple-(Acer sp.), birch-(Betula sp.), alder-(Alnus sp.), and willow-species (Salix sp.) [31] .
Our analysis focused on the two largest connected forest areas: Altoetting and Ebersberg. These two forests are characterized by heterogeneous mixed forests with only few pure stands. The reference data ( Figure 6 ) were obtained from forest inventory points acquired by the BaySF and visual interpretation of very high resolution image data (WorldView-2 and orthophotos). 
The two forest sites Ebersberg and Altoetting are located east of Munich in Bavaria, Germany ( Figure 3 ). The forests are mainly managed by the Bavarian State forest agency (BaySF). The mean annual temperature is around 7.6˝C; the average annual precipitation is 850-950 mm with around 500 mm between April-September. The soil conditions are mainly mesic-moist [31] .
Our analysis focused on the two largest connected forest areas: Altoetting and Ebersberg. These two forests are characterized by heterogeneous mixed forests with only few pure stands. The reference data ( Figure 6 ) were obtained from forest inventory points acquired by the BaySF and visual interpretation of very high resolution image data (WorldView-2 and orthophotos). The reference data (Table 2 ) from the two forest test sites were combined in one dataset and jointly used for analysis. As only few reference points were available for Douglas fir, we excluded this species from the analysis. The maple-, birch-, alder and willow-species were analyzed together with European hornbeam in the class "other broadleaf trees". The reference data (Table 2 ) from the two forest test sites were combined in one dataset and jointly used for analysis. As only few reference points were available for Douglas fir, we excluded this species from the analysis. The maple-, birch-, alder and willow-species were analyzed together with European hornbeam in the class "other broadleaf trees".
Average spectral signatures of the seven analyzed tree species classes are shown in Figure 7 . Note that the high reflectance value of band 2 (Blue) is due to the use of non-atmospherically corrected (ToA reflectance) data. Additional examples of false color composites and images produced by PCA are shown in Appendix A (Figures A2 and A2). Average spectral signatures of the seven analyzed tree species classes are shown in Figure 7 . Note that the high reflectance value of band 2 (Blue) is due to the use of non-atmospherically corrected (ToA reflectance) data. Additional examples of false color composites and images produced by PCA are shown in Appendix A ( Figures A2 and A3 ). 
Segmentation
Besides a classical pixel-based mapping, we also aimed to assess the potential of S2 for object-based classifications. For this purpose, a Large Scale Mean Shift (LSMS) segmentation was applied using the four S2 bands recorded at 10 m (band 2, 3, 4 and 8). To reduce the effect of potential outliers on the segmentation, the data distributions in each layer were cut-off outside the 1 st and 99 th percentiles, respectively. Subsequently, pixel values in each layer were linearly stretched to range from 0 to 255 to give each layer the same importance. The mean shift algorithm is a non-parametric, feature-space analysis technique for locating the maxima of a density function developed by Fukunaga and Hostetler [32] . The algorithm does not require a priori knowledge about the shape or desired number of clusters and therefore is well suited for image segmentation. The algorithm extension to the spatial domain was proposed by Comaniciu and Meer [33] .
In this study, we used the LSMS segmentation implemented in the open source software Orfeo Toolbox version 5.0.0. More information about LSMS can be found in Comaniciu and Meer [33] or in Ming et al. [34] . A detailed description of the Orfeo Toolbox is provided by Michel et al. [35] . The LSMS segmentation algorithm requires three parameters:
• Spatial Radius hs (spatial distance between classes) • Range Radius hr (spectral difference between classes) 
Besides a classical pixel-based mapping, we also aimed to assess the potential of S2 for object-based classifications. For this purpose, a Large Scale Mean Shift (LSMS) segmentation was applied using the four S2 bands recorded at 10 m (band 2, 3, 4 and 8). To reduce the effect of potential outliers on the segmentation, the data distributions in each layer were cut-off outside the 1st and 99th percentiles, respectively. Subsequently, pixel values in each layer were linearly stretched to range from 0 to 255 to give each layer the same importance. The mean shift algorithm is a non-parametric, feature-space analysis technique for locating the maxima of a density function developed by Fukunaga and Hostetler [32] . The algorithm does not require a priori knowledge about the shape or desired number of clusters and therefore is well suited for image segmentation. The algorithm extension to the spatial domain was proposed by Comaniciu and Meer [33] .
In this study, we used the LSMS segmentation implemented in the open source software Orfeo Toolbox version 5.0.0. More information about LSMS can be found in Comaniciu and Meer [33] or in Ming et al. [34] . A detailed description of the Orfeo Toolbox is provided by Michel et al. [35] . The LSMS segmentation algorithm requires three parameters: Several parameter sets were tested based on our experience and the results of the segmentation were visually evaluated using a trial-and-error approach. The final parameter sets for the two test sites are shown in Table 3 . Due to the fragmentation and higher heterogeneity of the forest test sites, smaller segments were needed compared to the cropland segmentation. To achieve this, smaller range radius (hr) and smaller minimum size (ms) were used for the segmentation of the forest test sites. 
Random Forest (RF) Classification
The classifications were performed using the Random Forest (RF) classifier [36] . RF is a widely used machine learning algorithm consisting of an ensemble of decision trees. It uses bootstrap aggregating, i.e., bagging, to create different training subsets to produce a diversity of trees, each providing a classification result for the samples not chosen. The output class is obtained as the majority vote of the outputs of a large number individual trees [36, 37] . The algorithm produces an internal unbiased estimate of the generalization error, using the so-called "out-of-bag" (OOB) samples (which are not included in the training subset). In addition, RF provides a measure of the input features importance, called Mean Decrease in Accuracy (MDA), through random permutation, which can be used for feature ranking or selection [17, [38] [39] [40] . The randomized sampling leads to increased stability and better classification accuracy compared to a single decision tree approach. RF is also relatively insensitive to the number of input data and multicollinearity of the data [41] . RF has been successfully applied in several regression and classification problems of EO data and generally achieves good results [17, 38, 40, [42] [43] [44] [45] [46] [47] [48] .
In this study we used the RF implementation randomforest [37] in R 3.2.3 [49] . A RF model requires the setting of two parameters:
‚ the number of trees to be grown in the run (ntree), and ‚ the number of features used in each split (mtry).
Several studies demonstrated that default model parameters often provide satisfactory results [17, 37, 50] . Therefore, we used the defaults values [36, 37] and set ntree to 500 trees, while mtry was set equal to the square root of the total number of input features.
Accuracy Assessment
For validation of the RF-classification results, we used a 10-fold cross-validation approach [23] . This involved splitting the reference objects randomly in 10 sub-data sets, each including around 10% of the samples of each class. In each training step, a RF model was trained with 90% of the reference data and applied to the remaining 10% (i.e., the validation data set). This step was repeated ten times. At the end, the ten results were aggregated to one confusion matrix. To permit a comparison between pixel-and object-based classification approaches, we split the pixels for the pixel-based classification using exactly the same partitions as applied to the object-based approach. Note that the splitting in 10 sub-data sets was not used for final map production. Instead, we used all reference samples to create new models, which were applied to the entire S2-scenes.
For pixel-and object-based classifications, the classification performance was assessed based on common statistical measures [51] derived from the confusion matrix. The selected statistical measures included the overall accuracy (OA), the producer's accuracy (PA), the user's accuracy (UA) and the Kappa statistic.
To provide a measure of classification confidence, a margin value was calculated. This involved calculating the confidence score, being as the ratio of votes of the winning class to the total number of trees used in the classification. Higher scores indicate that the classifier is more confident in assigning a class. In the second step the margin was calculated as the proportion of votes for the winning class (score) minus the proportion of votes of the second class. The margin values were calculated for the pixel-based classifications providing additional information about the map reliability [45, 52] .
Results and Discussion
Crop Classification
The object-based classification for the cropland test site achieved a satisfactory (cross-validated) overall accuracy of 76.8% (Table 4 ). All classes reveal a well-balanced user´s accuracy, while the producer´s accuracy shows larger differences. The most accurately classified crops were sugar beet, maize and winter crops with producer's accuracies higher than 80%, followed by onions and soya. The three best-classified crops are the ones with the largest number of training samples (Table 1) . They also reveal relatively high classification margins (Figure 8 ). To provide a measure of classification confidence, a margin value was calculated. This involved calculating the confidence score, being as the ratio of votes of the winning class to the total number of trees used in the classification. Higher scores indicate that the classifier is more confident in assigning a class. In the second step the margin was calculated as the proportion of votes for the winning class (score) minus the proportion of votes of the second class. The margin values were calculated for the pixel-based classifications providing additional information about the map reliability [45, 52] .
Results and Discussion
Crop Classification
The object-based classification for the cropland test site achieved a satisfactory (cross-validated) overall accuracy of 76.8% (Table 4 ). All classes reveal a well-balanced user´s accuracy, while the producer´s accuracy shows larger differences. The most accurately classified crops were sugar beet, maize and winter crops with producer's accuracies higher than 80%, followed by onions and soya. The three best-classified crops are the ones with the largest number of training samples (Table 1) . They also reveal relatively high classification margins (Figure 8 ). The two most problematic classes were carrots and sunflower achieving only producer´s accuracies of around 30%. For carrots, the most common confusion was with sugar beet and maize. Sunflower was often confused with winter crops, most probably due to the fact that sunflower was The two most problematic classes were carrots and sunflower achieving only producer's accuracies of around 30%. For carrots, the most common confusion was with sugar beet and maize.
Sunflower was often confused with winter crops, most probably due to the fact that sunflower was already in the senescence phase at the time of the Sentinel-2 image acquisition. This led to a large overlap with the spectral signature of bare soils (e.g., winter crops) and generally low classification margins (Figure 8 ).
Compared to the object-based approach (Table 4) , slightly better classification results were obtained using the pixel-based classification (Table 5 ) with cross-validated OA = 83.2% vs. 76.8%. However, compared to the object-based approach, larger variations in the user´s accuracy were found. The difficulty to correctly classify carrots and sunflower remained, with sunflower achieving slightly improved results (44% instead of 28%). The pixel-based classification also revealed an additional confusion between sunflower and onions and, in the case of onions, confusion with winter crops and sunflower. Due to its canopy structure, onions present a high proportion of visible soil and this might have caused confusion with bare soil pixels (winter crops) and sunflower. In general, most confusion between winter crops and the other crops can be explained with the sub-optimal timing of the S2 image acquisition (30 August). At this time many of the crops are in an advanced growth stage or already in senescence ( Figure 5 ). Better results can be expected by either choosing a more suitable date for image acquisition or by using multi-temporal data [53] [54] [55] [56] [57] . Nevertheless, even using a single (and not perfectly timed) image, the results are already comparable to the outcome of the study presented in Inglada et al. [16] . They investigated the classification performance using multi-temporal SPOT images over 12 sites and achieved overall accuracies around 80%-85% for most sites.
Our pixel-or object-based classifications did not show clear differences in terms of accuracy and visual appearance of the maps. Hence, only pixel-based results are presented in Figure 9 ; the corresponding area statistics are listed in Table 6 . Although no (parcel) boundaries were imposed to produce the map shown in Figure 9 , field boundaries are well depicted and can be easily recognized. Figure 10 shows the corresponding margin map for the pixel-based classification (in Figure 8 the margins are shown per crop type). Again, very little high-frequency spatial variability (salt-and-pepper) can be observed while a clear spatial structure appears. Areas with low margin often correspond to the classes onion, sunflower and carrots, whereas winter crops and sugar beet are often classified with higher margins. Differences between pixel-or object-based approaches are probably small in our crop classification experiment as crop management creates relatively homogeneous vegetation development conditions. Compared to very high resolution (VHR) data with pixel sizes of about 1 m, textural features are also less well expressed in S2 data with 10 m resolution; the relatively small field sizes in Austria have also to be noted. Together these factors contribute to the sub-optimum performance of the OBIA approach. Insignificant differences between the two classification approaches were also found in [58] based on the analysis of SPOT-5 data at 10 m spatial resolution.
Regarding the importance of the 10 spectral bands, we found large differences in MDA (Figure 11 ). Amongst the five most important bands, two were located in the red-edge, one in the visible and two in the SWIR spectral region. Interestingly, both NIR bands (8 and 8A) scored very low.
Differences between pixel-or object-based approaches are probably small in our crop classification experiment as crop management creates relatively homogeneous vegetation development conditions. Compared to very high resolution (VHR) data with pixel sizes of about 1 m, textural features are also less well expressed in S2 data with 10 m resolution; the relatively small field sizes in Austria have also to be noted. Together these factors contribute to the sub-optimum performance of the OBIA approach. Insignificant differences between the two classification approaches were also found in [58] based on the analysis of SPOT-5 data at 10 m spatial resolution.
Regarding the importance of the 10 spectral bands, we found large differences in MDA (Figure 11 ). Amongst the five most important bands, two were located in the red-edge, one in the visible and two in the SWIR spectral region. Interestingly, both NIR bands (8 and 8A) scored very low. 
Tree Species Classification
At the time of image acquisition, the seven tree species had very similar spectral shapes resulting in large spectral overlaps and often low classification margins (Figure 12 ). Compared to the spectral signatures of crops (Figure 8 ), the tree signatures look somewhat featureless and seem simply scaled along the y-axis (e.g., darker/brighter). The high(er) inter-band correlation is also reflected in the relatively uninspired principle components (Appendix A Figures A2g,h and A3g,h). 
At the time of image acquisition, the seven tree species had very similar spectral shapes resulting in large spectral overlaps and often low classification margins (Figure 12 ). Compared to the spectral signatures of crops (Figure 8 ), the tree signatures look somewhat featureless and seem simply scaled along the y-axis (e.g., darker/brighter). The high(er) inter-band correlation is also reflected in the relatively uninspired principle components ( Figures A2g,h Differences between pixel-or object-based approaches are probably small in our crop classification experiment as crop management creates relatively homogeneous vegetation development conditions. Compared to very high resolution (VHR) data with pixel sizes of about 1 m, textural features are also less well expressed in S2 data with 10 m resolution; the relatively small field sizes in Austria have also to be noted. Together these factors contribute to the sub-optimum performance of the OBIA approach. Insignificant differences between the two classification approaches were also found in [58] based on the analysis of SPOT-5 data at 10 m spatial resolution.
At the time of image acquisition, the seven tree species had very similar spectral shapes resulting in large spectral overlaps and often low classification margins (Figure 12 ). Compared to the spectral signatures of crops (Figure 8 ), the tree signatures look somewhat featureless and seem simply scaled along the y-axis (e.g., darker/brighter). The high(er) inter-band correlation is also reflected in the relatively uninspired principle components (Appendix A Figures A2g,h and A3g,h). The confusion matrix in Table 7 summarizes the results for the object-based classification of seven forest classes based on a 10-fold cross-validation. The two groups of coniferous and broadleaf trees (shaded areas in Table 7 ) were nearly perfectly separated (93% correct), whereas class-specific classifications were not always satisfactory. The classification of the most important forest species spruce achieved a producer's accuracy of 85.7% and user's accuracy of 76.7%. In addition, larch, fir and beech reached acceptable accuracy values (60%-70%). The highest misclassification rate was observed for pine: only around 14% of the pine validation samples were correctly classified, but 70% misclassified as spruce. At the time of image acquisition, the two forest classes spruce and pine had a very large spectral overlap across all 10 spectral channels of S2 (Figure 12 ). Table 7 . Confusion matrix and statistical measures for the object-based tree species classification for the forest test sites Ebersberg and Altoetting. Results were obtained using 10-fold cross-validation (other BL = other broadleaf trees). The results of the pixel-based classification for the forest test sites are presented in Table 8 . Compared to the object-based approach (Table 7) , the pixel-based classification gave a slightly lower overall accuracy. In particular, the class specific results were significantly worse in the pixel-based approach, except for spruce (nearly the same accuracy), pine and oak (better results). The highest decrease in accuracy was observed for fir and larch. We also observe a lower kappa coefficient compared to the object-based approach. Table 8 . Confusion matrix and statistical measures for the pixel-based tree species classification for the forest test sites Ebersberg and Altoetting. Results were obtained using 10-fold cross-validation (other BL = other broadleaf trees). Both tree species classifications are therefore not fully satisfactory. In general, the achieved classification accuracies are lower than those of other studies, in which satellite data with higher spatial resolution were used (e.g., WorldView-2) [17, 59] .
OBJECT-BASED
PIXEL-BASED
A main reason for the observed difficulties results from the fact that the selected forests are characterized by a heterogeneous and highly fragmented species distribution. Consequently, lower classification accuracies were observed for those tree species which are either rare in the study area or seldom form pure stands. For these tree classes, the delimitation of suitable reference data was already difficult. The spatial resolution of S2 has to be taken into account for future field work and reference data acquisition [60] . The lower producer accuracies for larch and fir for example, are due to the smaller size of the available reference polygons ( Table 2 ). The classification results are often better for the dominant classes. This is more evident in the pixel-based approach because larger polygons (reference data) imply more reference pixels for the model generation. For a more detailed comparison of the two approaches, these differences should be taken into account using alternative methods such as proposed by Radoux and Bogaert [61] . Additionally it has to be considered that the forest classes are more heterogeneous than the cropland classes. Parameters such as age, stand density, crown coverage and understory have a direct influence on the spectral behavior of forest classes and their intra-class variability [62, 63] . Forest canopies show a very complex surface with an alternation of well-illuminated and shaded parts. This should in principle favor the use of object-based approaches [17, 64, 65] . In our case, however, object sizes were relatively small compared to the spatial resolution of S2, and this in particular for the non-dominant species (Table 2) . Therefore, the theoretical advantages of OBIA could not play out as well as for EO data with a very high spatial resolution [17, 59, [65] [66] [67] [68] . Instead, in our case, the two approaches obtained comparable overall accuracies. Only the kappa coefficient showed a (clear) advantage of the object-based approach.
The maps in Figure 13 and Table 9 correctly show the dominance of spruce in both forest test sites. Together with the higher amount of pine in the Altoetting area, these results are in line with forest descriptions of the forest enterprise [31] . However, some of the pure pine stands in the southwest part of the Altoetting study site are in reality mixed stands with spruce. In addition, the high amount of other broadleaf trees seems to be too high, even if the dominance in the riverbank vegetation is plausible. This class and the oak class are over-classified at the cost of beech. Although the spatial resolution of S2 is not fine enough for the delineation and classification of individual tree crowns, the maps show the potential to classify even heterogonous forests, mainly if the stand composition is not on individual tree level but at the level of tree groups.
As expected, the classification margin shows tree specific differences. Classes which show higher classification accuracies like spruce (Table 8) , obtained also higher values for the classification margin (Figures 12 and 14) .
Amongst the five most important spectral bands, we found two in the SWIR (B11 and B12), one in the red-edge (B5) and two in the visible (B2, B4) ( Figure 15 ). Hence, compared to the crop classification ( Figure 11 ), a similar set of "best" spectral bands was identified. In particular, the three "best" spectral channels were identical in both studies (e.g., B2, B5 and B11). RGB false color composites of blue (B2), Red Edge-1 (B5) and SWIR-1 (B11) for all test sites are shown in Appendix A ( Figure A2a-Figure A2f ). 
Potential of Sentinel-2 for Vegetation Classification
Despite non-optimal acquisition times, the classification results confirmed the high potential of S2 data to derive specific crop type and tree species maps. In this respect it has to be considered that the analyzed data was released by ESA as "pre-operational" and still showed some artifacts. These artifacts will be corrected during the coming months. Although qualified as "pre-operational", the analyzed Sentinel-2 scenes were nevertheless of high quality. In particular, a comparison against existing satellite images from Landsat-8, Deimos-1 and SPOT-5, acquired in the same period, revealed a very good spatial and spectral agreement (not shown).
Object-based classifications achieved cross-validated overall accuracies (OA) of 76.8% for crop types and of 66.2% for tree species identification. In both case studies, we could not find distinct advantages using an object-based image analysis (OBIA) compared to a classical pixel-based classification. For example, the pixel-based approach yielded slightly better overall accuracies for cropland (OA = 83.2%) and lower accuracies for forests (OA = 63.5%). This finding was mainly related to the fact that some of the objects created using the LSMS segmentation were relatively small. Small objects mainly resulted from the highly fragmented forests, respectively, the small agricultural fields in the cropland area. Even with the 10 m pixel size of S2, the extraction of meaningful textural features etc. from small objects is not possible. Hence, textural information could not contribute to higher classification accuracies [38, 69, 70] .
Regarding the spectral information, both case studies confirmed the high value of the red-edge and shortwave infrared (SWIR) bands for vegetation mapping fully in line with other studies [45, 71, 72] . The blue band was also important in both studies. Surprisingly, the S2-bands in the near infrared were amongst the least important channels. Although interesting, these findings have to be considered with caution as only one set of image was analyzed and other bands might be of high importance in different landscapes and/or using images acquired in other season(s). Further research is warranted to address these issues.
Most confusion in our crop type and tree species maps was due to the non-optimum timing of the S2 acquisitions. For our study, only images acquired (mid/end) of August were available. Such late acquisitions are certainly not optimal for distinguishing crop types as most crops are already in an advanced stage of development or even in senescence. Also for forest classifications, images acquired earlier (end of spring) or later (beginning of autumn) in the year would probably lead to higher classification accuracies. For all land cover types, we expect higher classification accuracies with better timing of the acquisitions and in particular by using multi-temporal data [57, [73] [74] [75] .
Regarding the spatial information, crop classifications were applied using the S2 bands (excluding B1, B9 and B10) resampled at either 10 or 20 m pixels size. We reported here only the findings from the layer stack at 10 m resolution as no differences were observed in terms of thematic accuracy between 10 and 20 m. In the case of the tree species classifications, however, it was already 
Regarding the spatial information, crop classifications were applied using the S2 bands (excluding B1, B9 and B10) resampled at either 10 or 20 m pixels size. We reported here only the findings from the layer stack at 10 m resolution as no differences were observed in terms of thematic accuracy between 10 and 20 m. In the case of the tree species classifications, however, it was already difficult to identify and delineate pure forests stands at 10 m spatial resolution. Therefore, we combined in a layer stack the four S2 bands at 10 m and the six bands at 20 m by resampling the latter at 10 m pixel size. We confirm the finding of Stratoulias et al. [14] that the spatial resolution of S2 (in particular the bands with 20 m GSD) could be too low for mapping very highly fragmented forests and landscapes. As a spatial resolution of 10 m is not sufficient to capture single trees [19] , a very detailed description of forests with a high amount of species based on S2 data seems to be difficult. Therefore, we recommend combining dense time series from S2 with rich spectral information and very high spatial resolution images (e.g., orthophotos). Very high resolution (VHR) images would probably also positively contribute to the extraction of textural attributes.
Sentinel-2 was specifically designed to collect dense time series. The mission plan from ESA foresees two identical satellites in operation (S2A and S2B). With the second Sentinel-2 (S2B launch expected in June 2016), the S2 constellation will achieve a revisit time of 5 days. Within the overlap areas, even higher revisit times will be possible. The temporal frequency of cloud-free acquisitions will be further increased as S2 was designed for building a virtual constellation with Landsat-8 with a high potential for global monitoring [76] . Hence, compared to our study, much more data will be freely available in the near future, which will significantly impact the capturing of land cover/land use (LCLU) information [21] . Despite the few data analyzed in our study, our research demonstrated that even using a single image, crop classification accuracies can be achieved comparable to the outcome of the study presented in Inglada et al. [16] .
Conclusions
In this study, the performance of pre-operational Sentinel-2 (S2) data to derive crop type and tree species maps was analyzed in Austria (for cropland) and Germany (for forests). In both case studies, only single cloud-free S2 scenes were used (both acquired in August 2015). Using the mono-temporal datasets, we applied a Random Forest classifier (RF) using supervised pixel-and object-based classifications. We used as inputs 10 spectral bands of S2 resampled to 10 m pixel size. The classification models were validated using a 10-fold cross-validation approach. Data for training and validation were collected from field survey (cropland), respectively from forest inventory data and visual interpretation of very high spatial resolution images (forests).
The achieved classifications results for the pixel-and the object-based approach were satisfactory but not extremely high. It is not known how much the "pre-operational" status of the analyzed images contributed to the observed misclassifications. Certainly, with the current refinements done by ESA and its partners, it can be expected that the data quality will further increase. Likewise, a better timing of the acquisition will improve the classification results. The use of multi-temporal S2 data has probably the highest potential for further increasing classification results. In the future, with the two twin S2 satellites in orbit, dense time series will be available. Albeit S2's spatial resolution of 10 and 20 m imposes some limitations for very detailed analyses, the potential of data with this level of spatial detail, its well-chosen spectral bands and global coverage, is unprecedented.
Abbreviations
The following abbreviations are used in this manuscript: 
ATKIS
